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Abstract: Skin lesion detection through image analysis requires accurate segmentation methods to 

distinguish lesion regions from surrounding healthy skin. This study evaluates a hybrid approach that 
combines contrast enhancement using Histogram Equalization (HE) and HE applied to the Lightness (L) 

channel in the LAB color space (HE+LAB) with two segmentation methods, namely Canny edge detection 

and Otsu thresholding. The segmentation performance was evaluated at three image resolutions: 64 × 64, 
128 × 128, and 256 × 256 pixels, using Accuracy, Precision, Recall, F1-Score, and Intersection over Union 

(IoU). The experimental results show that the HE+LAB-Otsu combination consistently achieves higher 
performance than the other evaluated combinations across the three resolutions. At 128 × 128 pixels, 

HE+LAB-Otsu achieves an Accuracy of 0.7170, F1-Score of 0.7407, and IoU of 0.5882. Canny-based 
segmentation generally produces lower scores, particularly for Recall and IoU, indicating difficulties in 

extracting complete lesion regions. The use of HE in the LAB color space improves lesion contrast while 

preserving the chromatic components of the image, resulting in better segmentation performance than 
standard HE in the evaluated experiments. The results indicate that the combination of HE+LAB and Otsu 

thresholding is a promising conventional approach for skin lesion image segmentation. However, further 
evaluation using additional datasets, statistical testing, and comparisons with modern deep learning 

segmentation methods is required to assess its generalizability and applicability to automated dermatological 

image analysis. 
 

Keywords: HE-LAB Color Space; Hybrid Approach; Otsu Thresholding; Canny Edge Detection; Skin 

Lesion Image Segmentation. 
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1.  Introduction 

Skin diseases represent a significant public health concern and affect individuals across different age 

groups and populations. These conditions include melanoma, psoriasis, dermatitis, and various bacterial or 
fungal infections, ranging from relatively mild conditions to diseases that may cause serious complications 

when left undiagnosed or untreated. Early detection and accurate diagnosis are particularly important for 

serious conditions such as melanoma, for which the stage of detection is closely associated with patient 
outcomes. In clinical practice, skin lesions are commonly examined using dermoscopic images and visual 

assessment by dermatologists. Although these approaches remain important in clinical diagnosis, the 
interpretation of lesion characteristics can be affected by differences in lesion appearance and observer 

assessment. These limitations have encouraged the development of computer-aided methods that can assist 

the analysis of skin lesion images and provide more consistent image-based information. 
Computer-aided diagnosis (CAD) systems based on digital image processing have been developed to 

support the analysis of skin lesions. Within these systems, image segmentation is an important step because 
it separates the lesion region from the surrounding skin and provides a basis for subsequent feature extraction, 

classification, and analysis. However, accurate skin lesion segmentation remains challenging because lesions 
may vary considerably in shape, size, color, and boundary characteristics. Image acquisition conditions can 

further introduce artifacts such as hair, shadows, noise, and uneven illumination, making it difficult to 

distinguish lesion regions from healthy skin. These conditions can affect the quality of the segmentation result 
and may lead to incomplete or inaccurate lesion boundaries. Therefore, appropriate preprocessing techniques 

are required to improve image contrast and make lesion regions more distinguishable before the segmentation 
process. 

Histogram Equalization (HE) is a conventional contrast enhancement technique that modifies the 

distribution of image intensity values to improve overall contrast. However, applying HE directly to RGB images 
may alter the relationships between color channels and produce unwanted color changes. An alternative is to 

perform contrast enhancement in a color space that separates lightness from chromatic information, such as 
the CIELAB color space. In this representation, the L channel describes lightness, while the a and b channels 

represent chromatic components. Applying HE to the L channel can enhance image contrast while reducing 

direct modification of the chromatic components. Previous studies have investigated histogram-based 
enhancement, LAB color representations, and classical segmentation methods for different image analysis 

tasks. However, the findings reported in these studies do not directly establish which combination of HE-based 
preprocessing and segmentation method is most appropriate for skin lesion segmentation under different 

image resolutions. In particular, a direct comparison between conventional HE and HE applied to the LAB 
lightness channel, combined with Canny edge detection and Otsu thresholding, remains relevant for evaluating 

the effect of preprocessing and segmentation choices on lesion extraction. 

Based on this gap, this study evaluates a hybrid skin lesion segmentation approach that combines two 
contrast enhancement configurations, namely Histogram Equalization (HE) and HE applied to the Lightness 

channel in the LAB color space (HE+LAB), with two segmentation methods, Canny edge detection and Otsu 
thresholding. The experiments are conducted using three image resolutions, 64 × 64, 128 × 128, and 256 × 

256 pixels, to examine how image resolution affects segmentation performance. The resulting segmentation 

masks are evaluated against manually annotated ground-truth masks using Accuracy, Precision, Recall, F1-
Score, and Intersection over Union (IoU). Through this comparison, the study aims to identify the 

preprocessing and segmentation combination that provides the most consistent segmentation performance 
across the evaluated resolutions. The results are expected to provide a baseline for the application of 

conventional image processing techniques in skin lesion segmentation and for further development of 
computer-aided skin lesion analysis systems. 

 

2.  Related Work 

Automatic skin lesion segmentation has become an important research topic in medical image analysis 

because accurate lesion extraction provides an important basis for subsequent computer-aided diagnosis 

(CAD) tasks. Various segmentation approaches have been investigated, ranging from conventional image 
processing techniques to deep learning-based methods. Although deep learning methods have shown strong 

performance in medical image segmentation, conventional image processing methods remain relevant because 
of their relatively simple implementation and lower methodological complexity, particularly when 

computational resources and implementation simplicity are considered. Based on the studies reviewed in this 
research, several gaps can be identified. First, the application of conventional Histogram Equalization (HE) 

directly to RGB images may alter color information and affect the visual characteristics of skin lesions. Second, 

although the LAB color space separates lightness from chromatic components, the combination of HE applied 
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to the L channel with conventional segmentation methods has received less attention in the reviewed studies. 
Third, relatively few of the reviewed studies directly compare Otsu thresholding and Canny edge detection 

within the same preprocessing framework. Finally, the effect of image resolution on segmentation performance 
is not commonly evaluated together with multiple quantitative metrics, such as Accuracy, Precision, Recall, 

F1-Score, and Intersection over Union (IoU). To address these gaps, this study evaluates a hybrid 

segmentation approach that combines two contrast enhancement configurations, namely Histogram 
Equalization (HE) and HE applied to the L channel of the LAB color space (HE+LAB), with Otsu thresholding 

and Canny edge detection. The evaluation is conducted at three image resolutions, 64 × 64, 128 × 128, and 
256 × 256 pixels. Unlike the reviewed studies that generally focus on a specific enhancement technique, color 

representation, or segmentation method, this study provides a systematic comparison of the selected 
preprocessing and segmentation combinations across multiple resolutions. The segmentation results are 

evaluated using Accuracy, Precision, Recall, F1-Score, and IoU to identify the configuration that provides the 

most favorable segmentation performance under the experimental conditions. The differences between the 
reviewed studies and the present study are summarized in Table 1. 

 
Table 1. Comparison of Previous Studies Related to Skin Lesion Image Segmentation 

Authors Image 

Enhancement 

Color 

Space 

Segmentation 

Method 

Resolution 

Analysis 

Main Limitation 

Agrawal 

& Desai 

(2024) 

Not Applied Grayscale Canny Edge 

Detection 

No Focuses on reviewing the 

Canny algorithm without 

evaluating skin lesion 
segmentation or comparing 

it with region-based 
segmentation methods. 

Al-Hatab 

et al. 
(2024) 

Luminosity 

Enhancement 

CIE LAB Color-Based 

Segmentation 

No Uses LAB color analysis for 

lesion detection but does 
not integrate Histogram 

Equalization or compare 
different segmentation 

algorithms. 

Ding et 
al. 
(2020) 

Three Adaptive 
Sub-Histograms 

Equalization 

(TASHE) 

RGB Not Applicable 
(Image 

Enhancement 

Only) 

No Evaluates image 
enhancement without 

investigating its effect on 

skin lesion segmentation 
performance. 

Basha et 
al. 
(2025) 

Otsu 

Thresholding 

Grayscale Canny + Hough 

Transform 

No Focuses on lane detection 

rather than medical image 
segmentation and does not 

evaluate skin lesion images. 

Ebele et 
al. 
(2025) 

Not Applied Grayscale Sobel, Prewitt, 

and Canny 

No Compares edge detection 

algorithms without 

incorporating preprocessing 
techniques or threshold-

based segmentation such 
as Otsu. 

This 

study 

HE and HE+LAB LAB Otsu 

Thresholding 
and Canny Edge 

Detection 

Yes (64 × 

64, 128 × 
128, and 256 

× 256) 

Systematically compares HE 

and HE+LAB combined with 
Otsu and Canny across 

multiple image resolutions 
using Accuracy, Precision, 

Recall, F1-Score, and IoU. 

 

3.  Methodology 

This study evaluates the effect of two contrast enhancement configurations, namely Histogram 

Equalization (HE) and HE applied to the Lightness (L) channel in the LAB color space (HE+LAB), on skin lesion 
segmentation performance using Canny edge detection and Otsu thresholding. The two segmentation methods 

are applied to the enhanced images to examine how contrast enhancement affects the resulting segmentation 
masks. The experiments are conducted at three image resolutions to evaluate the effect of image resolution 
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on segmentation performance. The overall research workflow, from image preprocessing to segmentation and 
quantitative evaluation, is presented in Figure 1. 

 

 
Figure 1. Research workflow. 

 

3.1 Skin Lesion Dataset 

This study uses the PH2 Dataset, a publicly available dermoscopic image dataset for skin lesion analysis. 
The dataset contains 200 dermoscopic images comprising common nevi, atypical nevi, and melanoma lesions. 

Each image is accompanied by an expert-annotated ground truth mask that identifies the lesion region, 
allowing quantitative evaluation of the segmentation results. To evaluate the effect of image resolution, the 

images are resized to three resolutions: 64 × 64, 128 × 128, and 256 × 256 pixels. The corresponding ground 

truth masks are also adjusted to the same resolutions for pixel-level comparison with the segmentation 
outputs. The image resolutions used in the experiments are presented in Table 2. 

 
Table 2. Skin Lesion Image Resolutions Used in the Experiments 

Image Resolution 

Original image 64 × 64 pixels 
Resized image 128 × 128 pixels 

Resized image 256 × 256 pixels 

 
3.2 Preprocessing 

Preprocessing is the initial stage of the image processing pipeline and is performed to prepare the images 
for subsequent segmentation. In this study, two contrast enhancement configurations are evaluated. The first 

configuration applies Histogram Equalization (HE) without LAB-based processing, while the second 

configuration converts the image to the LAB color space and applies HE to the Lightness (L) channel, referred 
to as HE+LAB. The enhanced images are subsequently processed using Otsu thresholding and Canny edge 

detection. The experimental design therefore consists of four preprocessing-segmentation combinations: HE-
Otsu, HE-Canny, HE+LAB-Otsu, and HE+LAB-Canny. Each combination is evaluated at 64 × 64, 128 × 128, 

and 256 × 256 pixels. 

 
3.3 Histogram Equalization (HE) 

Histogram Equalization (HE) is a contrast enhancement method that redistributes pixel intensity values 
across the available intensity range. For an 8-bit image, the intensity range is generally 0–255. HE is particularly 

useful when the original image has a narrow intensity distribution, which may limit the visibility of differences 

between the lesion and surrounding skin. For an image with discrete intensity levels from 0 to L−1, the new 
intensity value sk is determined from the original intensity value tk based on the cumulative distribution of 

pixel intensities, as expressed in Equation (1):  
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sk = (L − 1) ∑
𝑛𝑗

𝑁

𝑘
𝑗=0            (1) 

 

Where sk is the new intensity value, tk is the original intensity value, L is the number of intensity levels, nj is 
the number of pixels with intensity level j, and N is the total number of pixels. 

 
 

3.4 LAB Color Space 

The CIELAB color space separates lightness information from chromatic information. It consists of three 
components: L∗, a∗, and b∗. The L∗ component represents lightness, a∗ represents the green-to-red color 

axis, and b∗ represents the blue-to-yellow color axis. The conversion from RGB to LAB is performed through 

the XYZ color space. First, the RGB components are normalized and converted to linear RGB values: 
 

𝐶𝑙𝑖𝑛 =  {

𝐶

12.92

(
𝐶+0.055

1.055
)

 2.4, 𝐶≤0.04045
𝐶≥0.04045

            (2) 

 

Where C represents the normalized R, G, or B component. The linear RGB values are then transformed 
into the XYZ color space using: 

 

𝑋
𝑌
𝑍

= [
0.412456  4
0.212672  9
0.019333  9

0.3575761  
0.7151522  
0.1191920  

0.1804375
0.0721750
0.9503041

] [
𝑅
𝐺
𝐵

]       (3) 

 

The XYZ components are normalized using the reference white values: 
 

𝑥 =  
𝑋

𝑋𝑛
, 𝑦 =

𝑌

𝑌𝑛
, 𝑧 =

𝑍

𝑍𝑛
,           (4) 

 
Where Xn, Yn, and Zn represent the reference white values. The nonlinear transformation function is 

defined as: 
 

𝑓(𝑡) =  {
𝑡1/3

1

3
 (

29

6
)

2 𝑡 +  
4

29
 ,   

𝑡 >  (
6

29
) 3

𝑡 ≤  (
6

29
) 3

        (5) 

 
The LAB components are then calculated as: 𝐿∗ = 116f(y) − 16, 𝑎∗ = 500[f(x) − f(y)], 𝑏∗ = 200[f(y) − f(z)]. 
The reference white values used in the conversion are: Xn=95.047,Yn=100.000,Zn=108.883. 

 

3.5 HE with LAB 
In the HE+LAB configuration, the RGB image is first converted into the LAB color space using the 

transformation described in the previous subsection. Histogram Equalization is then applied specifically to the 
L∗ channel. The a∗ and b∗ channels are retained without histogram equalization. The equalization of the L∗ 

channel is performed using: 

 

𝐿𝑒𝑞∗ = (𝐿𝑚𝑎𝑥 − 𝐿𝑚𝑖𝑛) ∑
𝑛𝑗

𝑁

𝑘
𝑗=0 + 𝐿𝑚𝑖𝑛        (6) 

 
Where Leq∗ represents the enhanced lightness value, nj represents the number of pixels at intensity level j, 

and N represents the total number of pixels. The enhanced L∗ channel is then combined with the original a∗ 

and b∗ channels to form the enhanced LAB image. 

 

3.6 Segmentation Process 

The enhanced images are segmented using Otsu thresholding and Canny edge detection. These methods are 
selected because they represent two different conventional segmentation approaches: intensity-based 

thresholding and edge-based detection. 
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1) Otsu Thresholding 
Otsu thresholding determines an optimal intensity threshold to separate the image into background and 

foreground classes. For a threshold t, the probabilities of the two classes are defined as: 
 

𝑤0(𝑡) =  ∑ 𝑝 (𝑖)𝑡
𝑖=0            (7) 

 

𝑤1(𝑡) =  ∑ 𝑝 (𝑖)𝐿−1
𝑖=𝑡+1           (8) 

 
Where p(i) represents the normalized histogram of the image and L represents the number of intensity levels. 
The class means are calculated as: 

 

𝜇0(𝑡) =
∑ 𝑖 𝑝 (𝑖)𝑡

𝑖=0

𝑤0(𝑡)
            (9) 

 

𝜇0(𝑡) =
∑ 𝑖 𝑝 (𝑖)𝐿−1

𝑖=𝑡+1

𝑤1(𝑡)
           (10) 

 
The optimal threshold is obtained by maximizing the between-class variance: 

 

𝜎𝐵
2(𝑡) = 𝑤0(𝑡)𝑤1(𝑡)[𝜇0(𝑡) −  𝜇1(𝑡) ]2       (11) 

 
The threshold that produces the maximum between-class variance is selected as the optimal Otsu threshold. 

 

2) Canny Edge Detection 
Canny edge detection is used to identify intensity boundaries that may correspond to lesion boundaries. 

The process includes Gaussian smoothing, gradient calculation, non-maximum suppression, and hysteresis 
thresholding. Gaussian smoothing is expressed as: 

 

G (x, y)  =  
1

2𝜋𝜎²
𝑒

−𝑥2+𝑦²

2𝜎²          (12) 

 

Where σ represents the standard deviation of the Gaussian filter. The smoothed image is obtained through 
convolution: 

 

Is(x, y) = G(x, y) ∗ I(x, y)          

 (13) 
 

Where I(x,y) represents the input image and Is(x,y) represents the smoothed image. The gradient magnitude 
is calculated as: 

 

M(x, y) = √𝐺𝑥
2(𝑥, y)𝐺𝑦

2(𝑥, 𝑦)         (13) 

 

Where Gx and Gy represent the horizontal and vertical image gradients. The gradient direction is calculated 
using: 

 

0(𝑥, 𝑦) = 𝑡𝑎𝑛−1 (
𝐺𝑦 (𝑥,𝑦)

𝐺𝑥 (𝑥,𝑦)
)         (14) 

 
The resulting edge map is then used as the segmentation output. 

 
3.7 Ground Truth Mask 

The ground truth mask is used as the reference for evaluating the segmentation results. In this study, 

the ground truth mask represents the expert-annotated lesion region in each PH2 image. The lesion region in 
the ground truth mask is compared pixel by pixel with the segmentation output generated by the Otsu and 

Canny methods. The ground truth masks are resized according to the corresponding image resolutions of 64 
× 64, 128 × 128, and 256 × 256 pixels. 

 



 

Copyright © 2026 IJSECS 
International Journal Software Engineering and Computer Science (IJSECS), 6 (2) 2026, 775-788 

 
 

 

781 

Tundo, et al.   
Optimization of Skin Disease Image Segmentation: A Hybrid Approach Using HE-LAB Color Space with Canny and 

Otsu Methods. 

 
Figure 2. Ground Truth Mask of a Skin Lesion 

 

3.8. Segmentation Evaluation 
The segmentation performance is evaluated by comparing the predicted segmentation mask with the 

corresponding ground truth mask. Five metrics are used: Accuracy, Precision, Recall, F1-Score, and 

Intersection over Union (IoU). Let TP, TN, FP, and FN represent true positive, true negative, false positive, 
and false negative pixels, respectively. 

 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
         (15) 

 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (16) 

 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑃
          (17) 

 

F1 − Score =  2 𝑥 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
        (18) 

 

IoU =
𝑇𝑃

𝑇𝑃+𝐹𝑁+𝐹𝑃
          (19) 

 

4. Result and Discussion 

4.1 Results 
The experiments evaluated the performance of Histogram Equalization (HE) and HE applied to the 

Lightness (L) channel in the LAB color space (HE+LAB), followed by Canny edge detection and Otsu 

thresholding. The evaluation was conducted at three image resolutions: 64 × 64, 128 × 128, and 256 × 256 
pixels. The resulting segmentation masks were compared with the ground truth masks using Accuracy, 

Precision, Recall, F1-Score, and Intersection over Union (IoU). The original skin lesion images at resolutions 
of 64 × 64, 128 × 128, and 256 × 256 pixels were processed using Histogram Equalization (HE). An example 

of the preprocessing results at a resolution of 128 × 128 pixels is shown in Figure 3. 

 

 
Figure 3. Comparison of skin lesion images at a resolution of 128 × 128 pixels before and after HE 

preprocessing. 
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Figure 3 compares the original skin lesion image with the image obtained after grayscale conversion and 
Histogram Equalization. The original image shows variations in illumination and contrast between the lesion 

and surrounding skin. These variations may make lesion boundaries difficult to distinguish. After HE processing, 
the intensity distribution is redistributed over a wider range, resulting in greater contrast between darker and 

brighter regions. The histograms shown below the images illustrate the change in intensity distribution before 

and after HE. The histogram of the original image shows a concentration of pixels within particular intensity 
ranges, whereas the histogram after HE is distributed more broadly across the available intensity range. This 

indicates that HE changes the global intensity distribution and increases image contrast. After HE 
preprocessing, segmentation was performed using Canny edge detection and Otsu thresholding. The 

segmentation results are presented in Figure 4. 
 

 
Figure 4. Segmentation results using Canny edge detection and Otsu thresholding after HE preprocessing. 

 

Figure 4 shows that Canny produces edge information along intensity transitions within the image. The 
resulting edge map contains lesion boundaries as well as other intensity transitions that may originate from 

skin texture or image artifacts. This characteristic can result in fragmented boundaries and incomplete 
representation of the lesion region. Otsu thresholding generates a binary segmentation based on an 

automatically determined global threshold. The resulting regions are more suitable for representing the lesion 

area because the method assigns pixels to foreground and background classes according to their intensity 
distribution. 

 

 
Figure 5. Evaluation results of skin lesion image segmentation after HE preprocessing using Canny edge 

detection and Otsu thresholding. 

 

Figure 5 presents the quantitative evaluation of the HE-based segmentation results using Canny edge detection 
and Otsu thresholding. The two methods are compared using Accuracy, Precision, Recall, F1-Score, and 

Intersection over Union (IoU). The results show that HE-Otsu provides higher values across all evaluation 
metrics than HE-Canny. In contrast, HE-Canny produces a relatively higher Precision than its Recall, indicating 

that the method identifies some lesion pixels correctly but does not capture a large proportion of the lesion 

region. 
 

Table 3. Evaluation results of skin lesion image segmentation at a resolution of 128 × 128 pixels using HE 
and Canny or Otsu. 

Method Accuracy Precision Recall F1-Score IoU 

HE-Canny 0.4782 0.6889 0.2166 0.3295 0.1973 
HE-Otsu 0.7141 0.8103 0.6753 0.7366 0.5831 

 

The HE-Canny method achieves a Precision of 0.6889 but a substantially lower Recall of 0.2166. The resulting 
F1-Score and IoU are 0.3295 and 0.1973, respectively. These values indicate that the Canny output captures 
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only a limited proportion of the lesion pixels represented in the ground truth mask. The HE-Otsu method 
produces higher values across all five evaluation metrics. It achieves an Accuracy of 0.7141, Precision of 

0.8103, Recall of 0.6753, F1-Score of 0.7366, and IoU of 0.5831. Compared with HE-Canny, these results 
indicate that Otsu produces a segmentation with greater overlap with the ground truth mask. The second 

preprocessing configuration applies Histogram Equalization to the L channel of the LAB color space. The 

comparison of the original and HE+LAB images at a resolution of 128 × 128 pixels is shown in Figure 6. 
 

 
Figure 6. Comparison of skin lesion images at a resolution of 128 × 128 pixels before and after HE+LAB 

preprocessing. 

 
Figure 6 shows the original image and the image obtained after converting the image to the LAB color space 

and applying HE to the L channel. The L channel represents lightness, while the a and b channels contain 

chromatic information. Therefore, the equalization process is applied to the lightness component without 
directly equalizing the chromatic channels. The HE+LAB result shows a broader lightness distribution than the 

original image. This change can improve the intensity difference between the lesion and surrounding skin, 
which may support subsequent threshold-based segmentation. However, HE remains a global contrast 

enhancement method and may also amplify intensity variations or image artifacts. The segmentation results 

obtained using Canny and Otsu after HE+LAB preprocessing are shown in Figure 7. 
 

 
Figure 7. Segmentation results using Canny edge detection and Otsu thresholding after HE+LAB 

preprocessing. 

 
Figure 7 shows that the Canny method produces numerous edge responses within the image. Some of these 

edges correspond to lesion boundaries, while others may originate from texture and local intensity variations. 

As a result, the output may not form a complete lesion region. The Otsu result produces a more continuous 
binary region. This allows the segmented lesion area to be compared directly with the corresponding ground 

truth mask using region-based evaluation metrics. 
 

Table 4. Evaluation results of skin lesion image segmentation at a resolution of 128 × 128 pixels using 

HE+LAB and Canny or Otsu. 

Method Accuracy Precision Recall F1-Score IoU 

HE+LAB-Canny 0.4794 0.6914 0.2180 0.3315 0.1987 

HE+LAB-Otsu 0.7170 0.8096 0.6826 0.7407 0.5882 

 

The HE+LAB-Canny method obtains an Accuracy of 0.4794, Precision of 0.6914, Recall of 0.2180, F1-Score of 

0.3315, and IoU of 0.1987. Although its Precision is relatively high, the low Recall indicates that a substantial 
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portion of the lesion region is not detected. The HE+LAB-Otsu method achieves higher performance, with an 
Accuracy of 0.7170, Precision of 0.8096, Recall of 0.6826, F1-Score of 0.7407, and IoU of 0.5882. These 

results show that HE+LAB combined with Otsu provides better agreement with the ground truth mask than 
HE+LAB combined with Canny at the 128 × 128 resolution. Tables 5–7 present the segmentation results 

obtained at 64 × 64, 128 × 128, and 256 × 256 pixels, respectively. The four configurations evaluated were 

HE-Canny, HE-Otsu, HE+LAB-Canny, and HE+LAB-Otsu. 
 

Table 5. Evaluation results of skin lesion image segmentation at a resolution of 64 × 64 pixels. 

Contrast Enhancement - Segmentation Accuray Precision Recall F1-Score IoU 

HE-Canny 0.4753 0.6597 0.2581 0.3711 0.2278 

HE-Otsu 0.7087 0.8106 0.6710 0.7342 0.5801 
HE+LAB-Canny 0.4797 0.6667 0.2647 0.3789 0.2337 

HE+LAB-Otsu 0.7134 0.8109 0.6808 0.7402 0.5875 

 
At 64 × 64 pixels, HE-Canny obtains the lowest performance, particularly in Recall (0.2581), F1-Score (0.3711), 

and IoU (0.2278). HE-Otsu achieves higher values, including an F1-Score of 0.7342 and IoU of 0.5801. 
HE+LAB-Otsu produces slightly higher values, with an Accuracy of 0.7134, F1-Score of 0.7402, and IoU of 

0.5875. 

 
Table 6. Evaluation results of skin lesion image segmentation at a resolution of 128 × 128 pixels. 

Contrast Enhancement - Segmentation Accuray Precision Recall F1-Score IoU 

HE-Canny 0.4782 0.6889 0.2166 0.3295 0.1973 
HE-Otsu 0.7141 0.8103 0.6753 0.7366 0.5831 

HE+LAB-Canny 0.4794 0.6914 0.2180 0.3315 0.1987 
HE+LAB-Otsu 0.7170 0.8096 0.6826 0.7407 0.5882 

 

At 128 × 128 pixels, the same pattern is observed. HE+LAB-Otsu achieves an Accuracy of 0.7170, Precision 
of 0.8096, Recall of 0.6826, F1-Score of 0.7407, and IoU of 0.5882. The Canny-based methods remain 

substantially lower in Recall, F1-Score, and IoU. 

 
Table 7. Evaluation results of skin lesion image segmentation at a resolution of 256 × 256 pixels. 

Contrast Enhancement - Segmentation Accuray Precision Recall F1-Score IoU 

HE-Canny    0.4486 0.7389 0.1124 0.1951 0.1081 
HE-Otsu 0.7150 0.8130 0.6762 0.7383 0.5852 

HE+LAB-Canny 0.4482 0.7446 0.1094 0.1907 0.1054 
HE+LAB-Otsu 0.7180 0.8127 0.6832 0.7423 0.5903 

 

At 256 × 256 pixels, HE+LAB-Otsu again achieves the highest values among the evaluated configurations at 
this resolution, with an Accuracy of 0.7180, Precision of 0.8127, Recall of 0.6832, F1-Score of 0.7423, and IoU 

of 0.5903. These values are slightly higher than those obtained at 128 × 128 pixels. 

 

 
Figure 8. Comparison of segmentation performance across image resolutions and preprocessing 

configurations. 

 
Figure 8 illustrates the performance trends of the four segmentation configurations across the three evaluated 

image resolutions. The results show that the HE+LAB-Otsu configuration consistently provides the highest 

overall segmentation performance, particularly in terms of F1-Score and IoU. The Canny-based configurations 
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show lower performance, especially in Recall and IoU, indicating that edge-based segmentation is less effective 
in representing the complete lesion region. The Otsu-based configurations show more stable performance 

across the evaluated resolutions. 
 

4.2 Discussion 

The experimental results show that the combination of HE+LAB and Otsu provides the highest 
segmentation performance among the four evaluated configurations, and this pattern is consistent across the 

three tested image resolutions. The HE+LAB-Otsu method obtains F1-Scores of 0.7402, 0.7407, and 0.7423 
at 64 × 64, 128 × 128, and 256 × 256 pixels, respectively, while the IoU values increase slightly from 0.5875 

to 0.5882 and 0.5903. These results indicate that applying HE to the L channel of the LAB color space can 
provide a useful preprocessing configuration for subsequent Otsu segmentation. Because LAB separates 

lightness from chromatic components, contrast enhancement can be applied specifically to the L channel 

without directly equalizing the RGB channels independently. This configuration limits direct modification of 
chromatic components and may help preserve color-related information. However, the improvement of 

HE+LAB-Otsu over HE-Otsu remains relatively small, although it is consistent across the tested resolutions. 
The comparison between Canny and Otsu shows a clear difference in segmentation behavior. Canny 

produces edge maps based on intensity gradients and is therefore more focused on boundary detection. In 

the present experiment, the Canny-based configurations obtain substantially lower Recall, F1-Score, and IoU 
values than the Otsu-based configurations, suggesting that the detected edges do not represent the complete 

lesion regions required for region-based comparison with the ground truth masks. Otsu, in contrast, produces 
a binary region based on an automatically selected global threshold, which makes its output more directly 

compatible with lesion-region evaluation. At 256 × 256 pixels, for example, HE+LAB-Canny obtains a Recall 
of only 0.1094 and an IoU of 0.1054. The low Recall indicates that the resulting edge map captures only a 

small proportion of the lesion pixels represented by the ground truth. This finding supports the observed 

limitation of using an edge detector directly for region-based skin lesion segmentation, although the present 
study does not quantify the individual contribution of factors such as hair, illumination, or noise. 

The influence of image resolution is relatively limited for the Otsu-based methods. HE+LAB-Otsu obtains 
its highest values at 256 × 256 pixels, with an Accuracy of 0.7180, F1-Score of 0.7423, and IoU of 0.5903. 

These values are only slightly higher than those obtained at 128 × 128 pixels. Therefore, the current results 

do not provide sufficient evidence to conclude that 128 × 128 pixels is the optimal resolution based solely on 
segmentation performance. A similar pattern is observed in the comparison between HE-Otsu and HE+LAB-

Otsu. At 128 × 128 pixels, Accuracy increases from 0.7141 to 0.7170, F1-Score increases from 0.7366 to 
0.7407, and IoU increases from 0.5831 to 0.5882. Small improvements are also observed at 64 × 64 and 256 

× 256 pixels. These results suggest that LAB-based preprocessing may provide a modest improvement under 

the experimental conditions used in this study, but statistical testing is required before determining whether 
these differences are statistically significant. 

The proposed approach has several limitations. The evaluation uses only the PH2 Dataset, so the results 
cannot automatically be generalized to other skin lesion datasets. In addition, the study evaluates conventional 

image processing methods and does not directly compare them with current deep learning segmentation 
architectures. The effectiveness of the method may also vary for images with difficult lesion boundaries, strong 

illumination variations, or other artifacts. Because the study does not report computational time or memory 

requirements, claims regarding real-time implementation and computational efficiency cannot yet be 
quantitatively supported. Within these limitations, the results indicate that HE+LAB-Otsu is the best-performing 

configuration among the methods evaluated in this study. Its performance is consistently higher than that of 
the other configurations across the three image resolutions, with the highest values obtained at 256 × 256 

pixels: Accuracy of 0.7180, Precision of 0.8127, Recall of 0.6832, F1-Score of 0.7423, and IoU of 0.5903. 

These findings support the use of LAB-based lightness enhancement followed by Otsu thresholding as a 
conventional approach for skin lesion segmentation under the conditions evaluated in this study. 

 

5.  Conclusion and Recommendations 

This study concludes that the combination of Histogram Equalization applied to the Lightness (L) channel 

of the LAB color space (HE+LAB) with Otsu thresholding achieved the best overall segmentation performance 
among the evaluated methods. Across the three image resolutions, HE+LAB-Otsu consistently produced higher 

Accuracy, F1-Score, and IoU values than the corresponding Canny-based methods. At a resolution of 128 × 
128 pixels, HE+LAB-Otsu achieved an Accuracy of 0.7170, Precision of 0.8096, Recall of 0.6826, F1-Score of 

0.7407, and IoU of 0.5882. At 256 × 256 pixels, the method achieved slightly higher values, with an Accuracy 

of 0.7180, F1-Score of 0.7423, and IoU of 0.5903. These results indicate that HE+LAB provides a useful 
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preprocessing approach for preserving luminance information while maintaining the chromatic components of 
skin lesion images. 

The comparison between segmentation methods shows that Otsu thresholding performs better than 
Canny edge detection for the evaluated skin lesion images. Canny produced relatively high Precision values 

but substantially lower Recall, F1-Score, and IoU, indicating that the detected edges did not capture the 

complete lesion regions. In contrast, Otsu produced more complete region-based segmentation and greater 
overlap with the ground truth masks. The results across the three resolutions also show that HE+LAB-Otsu 

maintains relatively consistent performance, while Canny-based methods show a more pronounced decline in 
Recall and IoU at the 256 × 256 resolution. Overall, the findings indicate that the HE+LAB-Otsu combination 

is an effective conventional image processing approach for skin lesion segmentation within the PH2 dataset 
used in this study. However, the results should not be interpreted as evidence of clinical readiness because 

the study was limited to a single dataset and did not include external validation or clinical evaluation. 

Future research should evaluate the proposed approach using additional skin lesion datasets to determine 
its generalizability across different image acquisition conditions and lesion characteristics. Further studies may 

also investigate morphological filtering or other post-processing techniques to reduce small artifacts and 
improve lesion boundaries after Otsu segmentation. In addition, the HE+LAB preprocessing approach can be 

evaluated as an input preprocessing stage for deep learning segmentation architectures such as U-Net. 

Comparisons with modern segmentation models and statistical significance testing are also recommended to 
determine whether the observed performance differences are statistically meaningful. Computational 

measurements such as processing time and memory usage should also be included if computational efficiency 
is intended to be a major consideration. 
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